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In travel domains, decision support systems provide support to tourists in the
planning of their vacation. In particular, when the number of possible Points
of Interest (POI) to visit is large, the system should help tourists providing
recommendations on the POI that could be more interesting for them. Since
traveling is, usually, an activity that involves small groups of people, the system
should take simultaneously into account the preferences of each group’s member.
At the same time, it also should model possible intra-group relationships,
which can have an impact in the group decision-making process. In this
paper, we model this problem as a multi-agent aggregation of preferences by
using weighted social choice functions, whereas such weights are automatically
evaluated by analyzing the interactions of the group’s members on Online Social
Networks.
1. Introduction
We are involved in a Smart City project whose main mission is to develop ICT components with the aim of
re-evaluating the cultural heritage fruition of the historic center of Naples. Some of the developed components
aim at the creation of a framework, with web and mobile applications that helps tourists in the city. In this
context, the goal of our research is to provide decision support systems to help tourists, as well as citizens, to
effectively plan their activities by easily choosing attractions and local businesses to visit with the minimum
effort. In particular, since the number of the available Points of Interest (POI) in the city is high, and since
many tourists visit a city only for few days, it is not possible to visit and evaluate every POI. So the system
should help the tourist to make a selection of what he/she believes to be the most valuable POI.
A decision support system like this has to take into account that, potentially, different group’s members
(not a single user) jointly select the activities to perform. It is necessary to provide a support to this group’s
decision-making process. In this case, it is necessary to suggest activities, or, more generally speaking, certain
POI that maximize the group satisfaction, considering that the members’ preferences can be different. In
travel application domains, group profiles have been taken into account (Souffriau and Vansteenwegen, 2010),
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relationships, such as children and the disabled were contemplated, while (McCarthy et al., 2006; Jameson,
2004) provided mechanism to help groups in deciding common attributes and features for their holidays.
Providing recommendation to groups is a challenging problem because of the diversity and the dynamics
of intra-group relationships (Gartrell et al., 2010). It is widely recognized that one of the issues that has to be
taken into account in the design and implementation of Group Decision Support Systems is the type of control
over the group decision-making process (Jelassi and Foroughi, 1989). Hence, recommendation systems for
groups need to capture both group members’ preferences, but also key factors in the group decision process
(Gartrell et al., 2010). For example, automatic voting/ranking mechanism often requires that all the agent
involved have the same influence on the decision procedure, that is not the case in real group scenarios. There
may be cases where the participants follow a democratic process in order to find a possible solution, and
cases where the group is supported by a human leader or mediator. Real group interactions take into account
intra-group roles and mutual influences. Moreover, the decision of a group member whether or not to accept a
given recommendation may depend not only on his/her own evaluation of the content of the recommendation,
but also on his/her beliefs about the evaluations of the other group members (Cantador and Castells, 2012).
Users may be willing to accept last preferred activities in order to improve the group happiness.
We believe that such factors can be evaluated by analyzing the group interactions in Online Social
Networks (OSNs). OSNs are widely recognized as effective ways to interact, communicate and collaborate
with friends, but also to drive people’s opinions. Moreover, OSNs interaction analysis can provide a viable
way to obtain, without intruding the users with questionnaires, information about the social relationships and
pattern of activities among the group’s members. Some recent work has seen the emergence of a class of
socially enhanced applications that leverage relationships from OSNs, especially to improve security and
performance of network applications and online advertising (Wilson et al., 2009). While the attempt to infer
meaningful relationships from social networks connectivity is often criticized from sociology researchers, the
analysis of the interaction graphs in controlled situations (e.g., small and close groups) may provide useful
insight. Finally, social networks analysis may lead to a misinterpretation of popularity as leadership that
sometimes are highly correlated, but sometimes they are not. It was shown that cohesiveness of a group
determines the correlation between these two concepts (Theodorson, 1957). Moreover, the cohesiveness of a
group is a fundamental issue in facilitating the decision process. In a cohesive group, users self-needs can be
sacrificed for the well-being of the whole group.
In this work, we show how social choice functions, typically used to merge agents’ preferences, can be
enhanced by using user weights automatically evaluated by an analysis of group members’ relationships.
In particular, our aim is to take concepts from research on users connectivity and on users communication
activity in order to identify key users in OSNs. To validate our approach, we conducted two user studies with
groups involved in a city trip planning. In the first, each user was asked to select his/her preferred POI, from a
list, and then the group to provide a final decision. In the second, the users were asked to provide the rankings
for the same POI and, then, to evaluate two solutions for the groups that are recommended by the system.
Our results show that, even in the case of a simple extraction of the number of directed interactions, without a
semantic analysis of the contents, it is possible to detect key users and implement “weighted” social choice
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2. Background and Related Works
Recently, the problem of group recommendation has been addressed in the literature. Group recommendation
approaches rely either on building a single user profile, resulting from the combination of users’ profiles, or
on merging the recommendation lists of individual users, at runtime, using different group decision strategies.
The latter has been widely studied in Mathematics, Economics and Multi-agent systems (MAS), with the
definition of Social Choice functions. These strategies, according to (Senot et al., 2010), can be classified as
majority-based (mainly implemented as voting mechanisms to determine the most popular choices among
alternatives), consensus-based (that try to average among all the possible choices and preferences), and
role-based (that explicitly take into account possible roles and hierarchical relationships among members).
PolyLens (O’Connor et al., 2001) has been one of the first approaches to include social characteristics
(such as the nature of a group, the rights of group members, and social value functions for groups) within the
group recommendation process. It uses a Collaborative Filtering (CF) approach to produce recommendations
for each user of the group, and a Least Misery (LM) strategy to aggregate these recommendations. Moreover,
in (Ardissono et al., 2003) intra-group relationships, such as children and the disabled were contemplated;
each group is subdivided into homogeneous subgroups of similar members that fit a stereotype, and
recommendations are predicted for each subgroup and an overall preference is built considering some
subgroups more influential.
The results presented in the literature showed that there is no strategy can be defined as the “best”, but
different approaches are better suited in different scenarios, depending from the characteristics of the specific
group. Besides, traditional aggregation techniques do not seem to capture all the features of real-world
scenarios. Many of these approaches do not consider the social relationships among group members at all
(Gartrell et al., 2010). For example, automatic voting/ranking mechanisms often require that all the agents
involved have the same influence on the decision procedure, while real group interactions take into account
intra-group roles and mutual influences. Some members of the group could have a particular influence on the
others, and the decision of a group member whether or not to accept a given recommendation may depend
not only on his/her own evaluation of the content of the recommendation, but also on his/her beliefs about the
evaluations of the other group members (Cantador and Castells, 2012). Following these ideas, in (Gartrell
et al., 2010) Authors starts to evaluate the group members’ weights, in terms of their importance or influence
in a group, for movies recommendations. The scope of this work is similar to ours and it was tested on real
groups. However, in (Gartrell et al., 2010) the defined group functions rely on the concept of “expertise”
and “group dissimilarity”, while the selection of the function is obtained by a “social value” derived from
questionnaires. On the contrary, in our work, we argue that relevant parameters can be directly extracted, in a
first approximation, by a “non-semantic” analysis of the interactions and by using an extension of widely
used social choice functions. In (Gartrell et al., 2010), the Authors propose a dissimilarity measure that we
used in our case studies, while an approach that provides group recommendations with explicit relationships
within a family is proposed in (Berkovsky et al., 2009). Finally, approaches for large groups or small, but
static, groups, as in (Vildjiounaite et al., 2008), are not applicable in our case since our groups do not have a
history of common activities (as in (Seko et al., 2011)) and have to reach an agreement on a small set of items
(i.e., on the activities to perform).
Consensus decision making has been explored, inspired by social networks, in (Salehi-Abari and Boutilier,
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takes into account local relationships with neighborhoods in a network. However, in (Salehi-Abari and
Boutilier, 2014) the Authors do not specify how to evaluate such numerical relationships while they focus on
computational aspects of scaling up with large networks of friends.
Finally, other classical MAS approaches tried to address the problem from a different perspective. In
(Bekkerman et al., 2006) there is a negotiation agent for each group member. An individual recommendation
system provides a recommendation for a set of items, and, in addition to this, an individual utility of each
product for each user is evaluated, introducing a user preference model. The Negotiation protocol is different
according to the cardinality of the group. A similar approach is used in (Garcia et al., 2009) and (Garcia and
Sebastia, 2014). In this case, there are agents that act on behalf of group’s members, and the recommendations
are obtained as the result of the negotiation too. But, here, user agents are configurable in order to exhibit the
desired behavior of the corresponding user. The negotiation model is a multi-party negotiation that centralize
the communications through a negotiator agent, acting as mediator. It receives the proposals of the user
agents, combines them into a single proposal, which is later broadcasted by the negotiator agent and analyzed
by the user agents.
A different approach is used in (Carvalho and Macedo, 2013a), where the problem is modeled as a
coalitional game. It assumes that the group can be divided into small subgroups, and it is possible to give a
different recommendation to each subgroup, maximizing the social welfare function of the group. However,
this approach is not applicable in cases whereas it is necessary to provide a recommendation for the whole
group. In (Carvalho and Macedo, 2013b) is proposed an alternative approach, based on non-cooperative
games. The problem is modeled as a game and the recommendation is determined by finding the Nash
equilibrium of the game. This approach can be used in the case of great heterogeneity in the group.
3. Material and Methods
The aim of this work is to design a framework for group recommendation and decision support systems for
touristic applications. Our first requirement was to build a system to provide personalized contents to users
and that can work both with single users and with groups of users. Another issue was to be able to handle
group memberships that may dynamically change in time. Here, as groups of friends, we refer to sets of
people that meet, interact, or have some actual common bond in the physical world since they are planning
real activities to perform together. Moreover, we assume groups that are willing to collaborate in order to
maximize their social welfare. We decided to focus on merging the recommendation lists, generated for each
individual user because it provides us with the flexibility required in the group formation process; single
user’s profiles and recommendations are built independently from the other group’s members, and the users’
recommendations are merged at the time of providing the group recommendations (e.g., only once the group
is established). Finally, our system will not provide a single item recommendation, but sequences or sets,
as required by the touristic application domain. The complete process, we aim to achieve, is depicted in
Figure 1, where we have two separate processes in order to build users’ profiles and recommendations, and a
group consensus function to dynamically accounts for group needs, and which take into account relationships
among members extracted from the interactions on a social network.
Formally, given a group of n users G = {1, . . . ,n} and a set of m POI P = {1, . . . ,m}, each user i ∈ G
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Figure 1: System Architecture for Single User and Group Recommendation.
for the x POI, and it is, eventually, retrieved by some recommendation mechanism. The goal of the proposed
work is to implement social choice functions SC :n→G , that aggregates all the preferences profiles in
G= {rG(1), . . . , rG(m)}, that is the correspondent ranking as evaluated for the group. In this work, we
suppose to have complete and available preference profiles (e.g., they are directly expressed by the users or
provided by a recommendation system for single users). In future works such preferences will be extracted
with the use of recommendation processes.
Differently from typical movie group recommendation, here the problem is not to select a single item for
the group, but a subset of activities (top K) for close friends. Hence, there is room for potentially accommodate
the needs of each group member. In our framework, a majority evaluation of activities may have the potential
risk to leave some users dissatisfied, while, in our opinion, a close group will try to satisfy everyone needs, as
long as possible. Finally, according to (Masthoff, 2011), users involved in real interaction seem to care about
fairness and to avoid misery. For these reasons we decided to use a fairness strategy and one based on average
satisfaction. Our idea is to weigh such functions with a measure of the influence of each user on the other
group’s members, and, consequently, on the group’s final decision. To make this, we evaluate the weight of
the relationship between pairs of users from the analysis of the interactions on an OSN.
In order to define our social choice functions, we analyze the possibility to evaluate, in a first approximation,
the “role” of a specific relationship from the analysis of interactions on a social network, without the help of
semantic features. In (Adali et al., 2012), the Authors showed that the analysis of only the user behaviors is
practically equivalent, in terms of ability to determine the different types of relationships between pairs of
individuals interacting in social media, to methods based on text analysis. Information exchanges between
actors are dependent on social attachments that produce expectations of trust and reciprocity. In particular,
in this work, we are interested in dominance and relationship-focused leadership or influence, from the
analysis of small group members’ interactions in OSNs. Many social networks analysis approaches assume
binary, symmetric relationships of equal value between all directly connected users with the main focus in
analyzing big networks, while, in our approach, we deal with small groups of friends that are, most of the
time, totally connected one to the others. Moreover, differently from binary networks, in reality, an individual
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keep tracks of the type of interaction among the users that can be used for modeling (Xiang et al., 2010)
intra-user relationships.
There is a number of attempts to generalize the three node centrality measures to weighted networks
(Newman, 2004; Opsahl et al., 2010). Here, To compute the users’ ranking, we decided to use a simple
“non-semantic” approach defined in our previous work (Caso and Rossi, 2014). For each user i ∈ G we
evaluate his/her dominance value, as the value D(i) ∈ [0, 1]. Dominance values are computed by analyzing
the popularity of each user within the group, and evaluating the number of directed interactions of each user
towards the other group’s members. Such popularity values are obtained implementing an extension of the
well-known PageRank algorithm (Brin and Page, 1998) starting from the users’ interactions on the social
network facebook.com. For each user i ∈ G we evaluate his/her dominance value, as the value D(i) ∈ [0, 1].
Dominance values are computed by analyzing the popularity of each user within the group, and evaluating the
number of directed interactions of each user towards the other group’s members. Such popularity values are
obtained implementing an extension of the well-known PageRank algorithm (Brin and Page, 1998) starting
from the users’ interactions on the social network facebook.com. As in the classic PageRank, each user
inherits a portion of popularity from other users.










where, |F | is the total number of friends in the group and d (with 0 ≤ d ≤ 1) is a dampening factor set to
0.85 (this value is often considered the default value for PageRank calculations (Langville and Meyer, 2004)).
In the second part of Equation 1, the user x inherits a portion of popularity from the other i group’s members.
In detail, this proportion is calculated by considering both the i-th friend’s popularity and the weight of the
communication activity of the i-th friend towards the user x (w(i,x)), normalized with respect to the total
communication activity of the i-th friend with all the members of the group (w(i)). The rationale of this
choice is that the frequency of directed communication (or interaction) from the user i towards the user x is
an index of the strengths of the directed tie i-x (which can have a different value with respect to the tie x-i,
and, hence, have a different impact on the evaluation of the x’s popularity within the group).
Such weights are calculated by considering some of the communication activities between couple of users
on the OSN Facebook.com, collecting a combination of data arising from (Gilbert and Karahalios, 2009b).
Referring to the activity graph of friends’ relationships, w(i,x) evaluates the edges from the user i to the user
x, which represent the activities with i as source and x as receiver.
The dominance values are, then, used as weights into the two social choice strategies described in the
next subsections. The architecture of our recommendation system is shown in Figure 1. We can see that
single users’ profiles are used to obtain the individuals’ recommendations, while the information about the
interactions on the social network is used to compute the Popularity (Dominance) rankings. Both these data
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x 1 2 3 4 5 6 7 8
r1(x) 1 5 3 1 2 5 4 3
r2(x) 3 4 1 2 5 3 2 4
r3(x) 1 3 2 5 1 4 3 2
rfair(x) 1 7 3 2 5 8 4 6
Table 1: An example of rfair. Users are ordered from
1 to 3 and K = 3. The numbers in bold represent the
ratings of the user’s K preferred POI, while the rating
values corresponding to the POI that causes the least misery
are underlined.
3.1 Fairness Strategy
The idea behind this strategy (rfair) is trying to accommodate everyone in the group. A user can agree to
perform activities that he/she does not like so much as long as he/she will be able to do something he/she
likes with his/her friends. The strategy requires an ordering of the users. The first user’s top K choices are
selected. Among them, the one that causes the least misery to the others is selected (in case of items with
the same rating a non-deterministic choice is made), and the process is repeated with the successive user
in the rank. The group POI ranking values are assigned in a descending order from m to 1. Finally, the
group recommendation will correspond to the K POI with the highest rfair values. An example of a possible
application of this strategy is provided in Table 1.
One of the main issues with the use of this strategy is that, by changing the users’ ordering, the selection
process will produce a different result in the outcome, hence, we propose to use the D(i) values to provide a
ranking/to sort the users.
3.2 Average Satisfaction Strategy
As a second strategy, we developed an average satisfaction strategy (ravg). Inspired by (Gartrell et al., 2010),
we defined a strategy that takes into account the dominance as a weight for the rating provided by the user
(note that the sum of the dominance values in a group is equal to one). Moreover, a second factor, which
can be considered in the evaluation, is a measure of dissimilarity among the users individual ratings. The
proposed strategy to evaluate the group G rating for the item x is:





(D(i) · ri(x)) + β · (1− σ2ri(x)) (2)
where, ri(x) is the rate for the item x, made by the user i, D(i) is evaluated according to (Caso and Rossi,
2014), and σ2
ri(x)
is the variance of ri(x) that accounts for the dissimilarity among the ratings of all the i ∈ G
for the item x. α and β are weights. Once that the set avg= {ravg(1), . . . , ravg(m)} is obtained, this is
normalized to get the final decision. The first K activities x with the highest ravg(x) values are selected. An
example of a possible application of this strategy is provided in Table 2.
4. Experiments and Evaluation
To evaluate the proposed functions, we had to address the problem that, in our specific domain, there is
no dataset that can be used for the evaluation. In fact, our application would require a dataset containing
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x 1 2 3 4 5 6 7 8
r1(x) 1 5 3 1 2 5 4 3
r2(x) 3 4 1 2 5 3 2 4
r3(x) 1 3 2 5 1 4 3 2
ravg(x) 0.51 1.21 0.61 0.16 0.45 1.14 0.88 0.94
avg 3 8 4 1 2 7 5 6
Table 2: An example of the group
choice selection using a average
satisfaction evaluation. The
considered leadership values are
L1 = 0.44, L2 = 0.41, and L3 =
0.15.
and information on the final choices of the groups, in order to apply the proposed techniques and compare
the obtained results. A dataset like this does not exist, so we decided to conduce two pilot studies with real
users involved in the task of planning a trip in a city. In the first case, the aim is to evaluate the benefits of the
introduction of the dominance values as weights or to order users in the proposed functions. In the second,
we focus on the users’ satisfaction with respect to the recommendations proposed by the system.
4.1 A User Study with Binary Decisions
In the first case study, we evaluated the behavior of 14 groups composed, in the average, of 3.36 close friends.
46 users took part in the experimentation (26 men and 20 women). The average age was 27.3 with a graduate
education.
We asked each user to register on a specific web site using the credentials of facebook.com. Once
registered, they were asked to imagine to plan a one-day visit in a specific city and to select three activities
(from a checklist of ten items) and two restaurants (from a check list of eight) for the day. Since we do not
want the users to be involved in strategic reasoning, we did not ask the users to express numerical ratings for
the selected choices in this first setting. Hence, we will assign ri(x) = 1 if the user i selects the POI x, and
ri(x) = 0 otherwise. A screen-shot of the interface used to select the activities to perform is shown in Figure
2. The group was, then, asked to discuss, face-to-face, in order to obtain a shared and unique decision for the
group. This final decision corresponds to the set GT used to evaluate our functions.
In order to evaluate our results, we adapted the proposed fairness strategy to binary selections. Since
a single vote is associated with each POI (0 or 1), at each iteration a user (selected according to his/her
dominance value in a descending order) proposes its first K choices (with K = 3). For each of the K
proposals the votes made by the other users are summed, and the choice with the higher sum is selected.
Note that if K is equal to the number of possible outcomes (as in this case), an activity, selected by all the
member of the group, will be selected in the final decision. Finally, in order to evaluate the impact of the
users’ dominance, we also implemented a standard fairness version with a random users ordering (rst.fair).
As second strategy, we developed the weighted average satisfaction strategy. With binary choices, the
evaluation of dissimilarity does not have a relevant impact on the final decision. Hence, the weights associated
to Eq. 2 are α = 1 and β = 0. As in the previous case, we also implemented the standard version of a simple
averaging function (rst.avg).
We evaluated the similarity of the recommendation provided using the weighted version of the fairness
function (fair), average satisfaction function (avg), and the standard implementation of such functions
(i.e., st.fair and st.avg) with respect to the groups’ ground truth (GT ).
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Figure 2: A screen-shot of the web page used to select the activities to perform.
Similarity % st.fair fair st.avg avg
GT 61 ± 20 66 ± 18 64 ± 16 74 ± 12
Table 3: Rate of similairty for st.fair, fair, st.avg and avg with respect to GT .
that take into account social relationships perform slightly better (66% w.r.t 61% for fairness, and 74% w.r.t.
64% for average). A bigger improvement was noted for ravg . On the average, the ravg social choice function
performs better than the rfair, often guessing 4 on 5 activities. In many cases the responses of both strategies
were the same, and there is only one case in which rfair performs better than ravg . Fairness strategy, in this
simple binary case, with no information about rankings, suffers more of random choices made by the function
in the case of activities with the same final score.
4.2 A User Study with Rankings
In this second case study, we evaluated the behavior of 17 new groups of friends composed, in the average, of
3.1 people. 53 users took part in the experimentation (26 men and 27 women). The average age was 26.8
with a graduate education.
This experiment was divided into two phases. In the first, as in the previous user study, each person was
asked to register on a specific web site using the credentials of facebook.com. Once registered, he/she was
asked to imagine planning a one-day visit in a specific city, but this time also to provide ratings (from one to
five stars) to the ten proposed activities for the day and to the eight restaurants. Each rate corresponds to how
likely it would be for the user to visit such place (or to eat in). The interface for the rating process is shown in
Figure 3. For each activity/restaurant, a picture and a short description was provided to the users, plus a link
to tripadvisor.com that provides additional information and a way to evaluate the popularity of the POI. Once
that all the member of a group completed this first phase, we separately invited each member to login again
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time consuming with respect to the previous user study, in the second phase users were only asked to evaluate
the proposed results.
Figure 3: The rating page where participants were asked to rate activities.
In the rfair strategy the users were selected according to their dominance values in a descending order,
with K = 3. In the ravg strategy the weights associated to Equation 2 were w1 = 0.8 and w2 = 0.2 as
suggested in (Gartrell et al., 2010).
Users were presented with both the recommendation provided by using the rfair and ravg functions (as
in the previous case the top five activities were recommended). Moreover, the associated ratings for the
proposed activities provided by all the members of the group in the first phase were shown. A screenshot of
this interface is shown in Figure 4.
Finally, each user was requested to answer the following questions:
1. Which of the two proposed itineraries do you prefer? [None/First/Second/Both]
2. How do you rate the first itinerary? [1 to 5]
3. How do you rate the second itinerary? [1 to 5]
4. How much have you been influenced in the evaluations by the knowledge of your friends’ ratings? [1
to 5]
In the average, the two used strategies differ one from the other for 2 choices, with some cases in which
they provided the same results. In Table 4a, we reported the acceptance rate mean percentage. In the average,
two out of three members of each group accepted the proposed solution evaluated by the rfair, while for ravg
average value is a little bit smaller. Considering both the proposed options the system had an acceptance rate
of 81%. Moreover, considering directly all the users involved in the test, and not averaging on groups, 49
people out of 53 (i.e., 93% of the users) accepted at least one of the proposed itinerary.
In Table 4b, we reported the mean values for the users’ ratings of the fair proposed itinerary (i.e.,
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Figure 4: Web interface for accepting/rejecting results.
average, a good appreciation by the users (more than 4 stars). Moreover, we evaluated the Pearson correlation
index ρ between such ratings and the acceptance rates of the proposed strategies. As we expected, there is a
strong correlation between the acceptance rate of the proposed strategies and their evaluations made by the
users. The obtained value for fair is ρ = 0.67 (with a significance p = 0.003), while for avg is ρ = 0.77
(with p = 0.0003).
Surprisingly, the average evaluation of the impact of the friends’ opinions on the evaluation of results
(friends in Table 4b) is 2.6. We imagine that such value is an effect of the testing procedure that ends with a
private evaluation of the proposed solutions for the group.
5. Conclusion
The widespread use of social networks is modifying our way to live our cities and to plan/decide our activities.
In particular, the way we plan a trip, and selects the places to visit or choose a restaurant are influenced by
the information we can access on social media. Moreover, the online social networks (OSNs) can provide
a viable way to obtain, without intruding the users with questionnaires, information about the users and
their social relationships within communities and groups. While our long-term goal is to build a system that
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Accept. % fair avg fair + avg
average 66 ± 32 62 ± 30 81 ± 20
(a) Acceptance rate for the fair , avg and globally fair
+ avg .
Users’ rates fair avg friends
average 4.3 ± 0.6 4.2 ± 0.5 2.6 ± 0.6
(b) Average ratings for the fair , avg and for the evaluation of
the friends’ influence.
Table 4: Aggregate results for the second user study.
with groups of users, here, we focused on group recommendations. Providing recommendation to groups is a
challenging problem because of the diversity of inter-group relationships and dynamics or their memberships.
In this paper, we propose a way to extract information about social relationships between group’s members
from the analysis of their activity on the OSN facebook.com, and how to use these information to evaluate a
dominance factor that estimates the influence of each member on the group’s final choice. Than we use these
dominance values in the aggregation of preferences process, by defining two weighted social-choice functions.
To validate our approach we conducted two pilot study, where we compare the recommendations provided
by our weighted functions with their standard implementations. From these first analysis we can observe
that our the weighted functions show better performances; in the first user study with binary selections, a
bigger improvement was noted for the average satisfaction function, where the fairness seems to suffer more
of random choices. On the contrary, in the second one, which involved POI ranking, fairness strategy has a
bigger acceptance rate and appreciation evaluation.
A more deep analysis is necessary, involving greater number of users and possibly POI to choice in
the pilot studies, to evaluate the scalability of the approach. Anyway, providing a group solution is not the
last step in group recommendation since, when the recommendation involves a set of activities, the group
may be involved in a subsequent interaction in order to take the final decision. Of course, the better is the
recommendation, the easier is for the group to reach a consensus. In this direction, our next step will be to
provide the group with interfaces to reach this final decision.
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